Abstract-Obstructive Sleep Apnea-Hypopnea Syndrome (OSAHS) is a sleep related breathing disorder that has important consequences in the health and development of infants and young children. To enhance the early detection of OSAHS, we propose a methodology based on automated analysis of nocturnal blood oxygen saturation (SpO 2 ) from respiratory polygraphy (RP) at home. A database composed of 50 SpO 2 recordings was analyzed. Three signal processing stages were carried out: (i) feature extraction, where statistical features and nonlinear measures were computed and combined with conventional oximetric indexes, (ii) feature selection using genetic algorithms (GAs), and (iii) feature classification through logistic regression (LR). Leave-one-out cross-validation (loo-cv) was applied to assess diagnostic performance. The proposed method reached 80.8% sensitivity, 79.2% specificity, 80.0% accuracy and 0.93 area under the ROC curve (AROC), which improved the performance of single conventional indexes. Our results suggest that automated analysis of SpO 2 recordings from at-home RP provides essential and complementary information to assist in OSAHS diagnosis in children.
I. INTRODUCTION
Obstructive Sleep Apnea-Hypopnea Syndrome (OSAHS) is characterized by recurrent episodes of partial or complete collapse of the upper airway during sleep [1] . Untreated OSAHS leads to several negative consequences in the health and development of infants and young children, such as neuropsychological and cognitive deficits, cardiovascular dysfunction, and/or growth impairment [2] . A recent report of the American Academy o Pediatrics suggests a prevalence of OSAHS in the range of 1% to 5% [2] .
The gold standard test for assessing children with suspected OSAHS is in-hospital overnight polysomnography (PSG) [3, 2] , in which children's sleep is supervised and monitored by the use of multiple sensors. Therefore, PSG is costly due to the need of expensive equipment and trained This work has been partially supported by the Ministerio de Economía y Competitividad and FEDER under project TEC2011-22987 and by Project Cero 2011 on Ageing from Fundación General CSIC, Obra Social La Caixa and CSIC and a grant by Consejería de Educación de la Junta de Castilla y León under project VA059U13. Gonzalo C. Gutiérrez-Tobal was in receipt of a PIRTU grant from the Consejería de Educación de la Juna staff, and its availability is limited, resulting in long waiting lists [3, 4] . Furthermore, the use of multiple sensors makes PSG highly intrusive and limits the effectiveness of this methodology, often leading to poor results when used on young children and infants [5] .
There is an increasing research on novel methodologies in the context of sleep apnea diagnosis in children, including history and physical examination, respiratory polygraphy (RP), daytime (nap) PSG, and ambulatory PSG [2, 6, 7] . The American Academy of Pediatrics reported that these methods tend to be helpful if patients test positive but have a poor predictive value if results are negative [2] . Therefore, further research is needed. In this regard, automated signal processing could improve the diagnostic performance of screening tests for OSAHS detection in children. Electrocardiogram (ECG) [8, 9] , photoplethysmography (PPG) [10, 11] and blood oxygen saturation (SpO 2 ) [1, 3, 4, 12, 13] are commonly used in this context.
In this study, SpO 2 recordings from at-home RP were analyzed. We used SpO 2 due to its reliability, simplicity and suitability for children. Previous studies in the context of OSAHS diagnosis in children by means of SpO 2 assessed conventional oximetric indexes [1, 3, 4, 12, 13] , common statistics [4, 12] and conventional spectral features [12] . In the present research, first to fourth statistical moments and three nonlinear methods were applied: mean (M1), variance (M2), skewness (M3), and kurtosis (M4), as well as nonlinear measures of irregularity, variability and complexity by means of sample entropy (SampEn), central tendency measure (CTM) and Lempel-Ziv complexity (LZC), respectively. These methods previously achieved high performance in the context of OSAHS diagnosis in adults [14] [15] [16] . We hypothesized that these measures could provide useful and complementary information to conventional oximetric indexes in children. Genetic algorithms (GAs) and logistic regression (LR) are proposed for feature selection and classification. LR is a suitable alternative to the reference linear discriminant analysis (LDA) in binary classification problems [14, 15] but its performance has been weakly assessed as a diagnostic tool for OSAHS in children [1] . Similarly, GAs are optimization methods that could improve performance in the subsequent classification stage [14] . However, few studies applied feature selection [12] .
II. SUBJECTS AND SIGNALS
A total of 50 children (23 boys and 27 girls) were included in the study. All children were suspected of suffering from OSAHS and derived to the Sleep Breathing In-hospital attended PSGs were carried out from 22:00 to 08:00. Children were continuously monitored using a polysomnograph Deltamed Coherence® 3NT version 3.0 (Diagniscan, SA, ACH-Werfen Company, Paris, France). As stated by the American Academy of Sleep Medicine, apnea was defined as the absence of oronasal airflow lasting at least 2 respiratory cycles, whereas hypopnea was defined as a decrease in airflow greater than or equal to 50% for more than 2 respiratory cycles, accompanied by a desaturation greater than or equal to 3% and/or an EEG arousal. An apnea hypopnea index (AHI)  3 events per hour (e/h) from PSG was considered OSAHS-positive [17] . A positive diagnosis was confirmed in 26 children (52%). The remaining 24 subjects (48%) composed the OSAHS-negative group. Table  I displays demographic and clinical features for both groups.
Statistical and Nonlinear Analysis of Oximetry from Respiratory Polygraphy to Assist in the Diagnosis of Sleep Apnea in Children
At-home 6-channel RP was carried out previously to inhospital PSG using a polygraph eXim Apnea Polygraph (Bitmed ®, Sibel S.A., Barcelona, Spain). SpO 2 recordings from RP (sampling frequency fs = 100 Hz) were saved to separate files and processed offline. A preprocessing stage was applied to remove artifacts linked with bad contact with the finger probe due to children movements. Fig. 1 depicts representative SpO 2 recordings in our dataset.
III. METHODOLOGY

A. Feature Extraction
Oximetric recordings were parameterized by means of 13 features. Three complementary feature subsets were composed: first to fourth order statistical moments, nonlinear measures and common oximetric indexes. Statistical moments and nonlinear measures were computed offline using epochs of N=6000 samples (1 min) and subsequently averaging to obtain a single value per recording.
1) Statistical moments.
First to fourth order statistical moments (M1-M4) were applied to characterize the data histogram in the time domain. Mean (M1), variance (M2) skewness (M3), and kurtosis (M4) were computed to estimate central tendency, dispersion, symmetry and peakedness, respectively [18] .
2) Nonlinear features. SampEn, CTM and LZC were applied to quantify irregularity, variability and complexity, respectively [14] [15] [16] 19] : In this study, the widely applied m = 1 and r=0.25 times SD were used [14] [15] [16] .
 CTM(r) provides a variability measure from second order difference plots. It is computed selecting a circular region of radius r around the origin, counting the number of points that fall inside, and dividing by the total number of points [19] . In this study, the optimum radius r=1 in the context of OSAHS diagnosis from SpO 2 were used [14] [15] [16] .
 LZC is a nonparametric measure of complexity linked with the rate of new subsequences and their repetition. To compute LZC, each recording is first converted into a binary sequence [19] .
3) Conventional oximetric indexes. Average saturation during the recording time (Avg), global minimum saturation (Min), oxygen desaturation index of 3% (ODI3) and cumulative time spent below a saturation of 85% (CT85), 90% (CT90) and 95% (CT95) were provided by the polygraph and included in the study.
C. Feature Selection
GAs are optimization algorithms commonly used to exhaustively inspect the search space of variables that govern a model [20] . A particular group of solutions (parents) are selected from an initial population to generate the offspring by means of crossover and mutation operations. The offspring replaces parents in the current population based on a replacement strategy. The optimization process is carried out in cycles called generations [20] . In this study, GAs were applied to obtain the optimum input feature subset to a LR classifier in terms of classification performance. Roulette strategy was used for parent selection, one-point crossover (Pc=0.5 to 0.9) was applied to produce offspring and uniform mutation (Pm = 0.01 to 0.09) was applied to introduce variations into the offspring [20, 21] . The SampEn(m,r,N) quantifies irregularity in time series, with larger values corresponding to more irregular data. It is defined as the negative logarithm of the conditional probability that two sequences that are similar (within the tolerance width r) for m contiguous points remain similar when the run length increases to m+ 1 [14] . In this study, the widely applied m = 1 and r=O.25 times SD were used [14] [15] [16] .
percentage of the best individuals preserved after each generation were varied between 0 and 25% [15] .
C. Feature Classification LR relates a categorical dependent variable with a set of independent explanatory variables. For binary classification problems, input patterns are classified into one of two mutually exclusive classes and the probability density for the response variable can be modeled by a Bernoulli distribution [18] . LR classifiers assign an input vector to the class with the maximum a posteriori probability value. The maximum likelihood criterion is used to optimize coefficients of the independent input features in the logistic model [18] .
D. Statistical Analysis
The non-parametric Mann-Whitney U test was applied to search for statistical significant differences. A p-value<0.01 was considered significant. Matlab R2012a (7.14.0.739) was used to implement feature extraction, selection and classification stages. Diagnostic performance was assessed by means of sensitivity (true positive rate), specificity (true negative rate), positive predictive value (proportion of positive tests that are true positive patients), negative predictive value (proportion of negative tests that are true negative subjects), accuracy (percentage of children correctly classified) and area under the receiver operating characteristics (ROC) curve (AROC). Leave-one-out crossvalidation (loo-cv) was applied to properly assess our results.
IV. RESULTS Fig. 2 shows the envelopes of the average histograms of SpO 2 recordings for the whole OSAHS-negative and OSAHS-positive groups. As can be observed, OSAHSpositive children show lower mean, higher dispersion (width) and lower symmetry (skewed to the left) and peakedness (height) than OSAHS-negative children. This agrees with the effects of recurrent apneas: desaturations due to respiratory events lead to lower values in the SpO 2 overnight profile. Table II summarizes the diagnostic performance of every single variable under study after a loo-cv procedure. Accuracy ranges from 56.0% to 76.0% in the statistical moments feature subset, from 58.0% to 68.0% in the nonlinear feature subset, and from 56.0% to 70.0% in the conventional oximetric indexes subset. M2 achieved the highest accuracy in the whole dataset, reaching 76.0% sensitivity, 75.0% specificity, 76.0% accuracy and 0.81 AROC. Table III summarizes the performance of optimum LR models from GAs using loo-cv. Feature selection was applied looking for the highest accuracy of a LR classifier with different number of input explanatory variables from the initial feature set from oximetry. After applying GAs, 5 LR models achieved a maximum accuracy of 90.0% in the whole dataset. Input feature subsets are listed in Table III. Next, LR models were tested using loo-cv. Models with 6 (M1, CTM, LZC, Min, ODI3, CT95) and 7 (M1, CTM, LZC, Avg, Min, ODI3, CT95) variables achieved the highest performance: 80.8% sensitivity, 79.2% specificity, 80.0% accuracy and 0.93 AROC.
V. DISCUSSION AND CONCLUSIONS
In this study, statistical and nonlinear measures from athome RP-derived SpO 2 recordings were combined with conventional oximetric indexes to help in OSAHS diagnosis in children. Automated feature extraction, selection (GAs) and classification (LR) were applied. The assessment of every single feature did not reach substantially high diagnostic performance. Nevertheless, the joint analysis of properly selected features by means of GAs achieved significantly higher accuracy. Optimum LR models showed a balanced number of input variables from both approaches: in the LR model with 6 input variables there were 3 features from the automated signal processing stage and 3 from conventional oximetric indexes, whereas in the LR model with 7 variables Avg was just added to the previous model. Moreover, all three feature subsets, i.e. statistical, nonlinear and conventional indexes, were represented in all LR models from feature selection. M1, LZC, Min and ODI3 were selected in all models from GAs, suggesting these features enclose essential information (average/basal saturation, degree of changes, depth/severity of desaturations and rate of TP: true positives (n); TN: true negatives (n); FP: false positives (n); FN: false negatives (n); Se: sensitivity (%); Sp: specificity (%); PPV: positive predictive value (%); NPV: negative predictive value (%); Acc: accuracy (%); AROC: area under the ROC curve desaturations, respectively) on changes in SpO 2 recordings due to apneic events typical of OSAHS in children.
Our results agreed with recent studies focusing on the SpO 2 signal. The proposed methodology outperformed results from Chang et al. [1] and Cohen & de Chazal [4] , where symptoms and conventional oximetric indexes were used as input variables to LR (60.0% Se, 86.0% Sp) and LDA (55.9% Se, 68.6% Sp) classifiers, respectively. Therefore, statistical and nonlinear measures proposed in our study seem to provide additional information to conventional measures. The study by Tsai et al. [13] reached sensitivityspecificity pairs of 77.7-88.9, 83.8-86.5 and 89.1-86.0 when specific groups of mild, moderate and severe OSAHS were analyzed, respectively. Nevertheless, no cross-validation was applied. Finally, the study by Garde et al. [12] achieved 80.0% sensitivity and 92.1% specificity using time, spectral and oximetric features as input variables to a LDA classifier with feature selection. Although a portable device was used, all recordings were attended and carried out in the hospital facilities. In the present research, children really benefited from the advantages of unattended at-home RP (simplicity and suitability).
Some limitations should be taken into account. First, the dataset should be larger. Second, some input parameters were set using information from sleep apnea studies in adults. Thus, they should be optimized using SpO 2 recordings from children.
In summary, our results suggested that statistical and nonlinear features provide useful and complementary information to conventional oximetric indexes, improving the performance of at-home SpO 2 in the context of OSAHS diagnosis in children.
